I analyse the intertemporal decisions on undertaking breast cancer screening by women aged 50-64 in the UK. I provide estimation results on the discounting of the potential future bene…ts of screening. I also analyse the education di¤erences in mammography decisions and examine the underlying mechanism how education in ‡uences breast cancer screening attendance. Using the institutional settings of the UK, I estimate a structural model, which reveals that although there are di¤erences in the disutility of breast cancer screening along the education level, there is no such di¤erence in the estimated discount factor. The results suggest that the observed education gradient is mainly due to di¤erences in health behaviours and health care attitudes.
Introduction
This paper analyses the utilisation of breast cancer screening services in the UK. The aims of the paper are to estimate a health discount factor through the analysis of intertemporal health care decisions, and to analyse the role of discounting in determining education di¤erences in breast cancer screening attendance. As the most common method of breast cancer screening is mammography and this is the method the NHS (National Health Service) breast cancer screening programme uses, I use the terms mammography and breast cancer screening interchangeably in this paper. To my knowledge, this is the …rst paper to estimate the discounting of the potential future bene…ts of mammography based on European data. The results of this paper indicate forward looking behaviour, and that the education di¤erences in mammography attendance are due to the lower disutility of screening among the more educated rather than di¤erences in time preferences.
The main contribution of the paper is the novel empirical analysis of mammography attendance, based on structural models of utilisation. There is a large number of papers which empirically analyse the utilisation of preventive medical services. People with higher education level are generally found to utilise more preventive health services. This also holds for mammography, as shown by Cutler and Lleras-Muney (2010) for the UK and US, Maxwell et al. (1997) for Canada, and Lee and Vogel (1995) based on data from Texas. However, Moser et al. (2009) do not …nd a signi…cant e¤ect of education level on breast cancer screening based on data from the National Statistics Omnibus Survey of the UK. My reduced form estimations are also related to Hofer and Katz (1996) , Fletcher and Frisvold (2009) and Jusot et al. (2011) . These authors analyse di¤erent aspects of the socioeconomic gra-dient in preventive care utilisation. I contribute to this literature by making use of panel observations, and extending the analysis with structural approach. My empirical strategy takes into consideration the institutional settings in the UK. I use the observed health behaviours of survey respondents to elicit their time preferences. Fuchs (1982) also addresses the relationship between health behaviours, health and time preferences, but he uses survey measures on time preferences. Fang and Wang (2010) provide an empirical analysis of preventive care utilisation based on a dynamic discrete choice model, where individuals are allowed to have hyperbolic discounting, and to be naive about their time-inconsistency. Their application is also on mammography decisions, using data from the Health and Retirement Study. My approach is closely related to that of Fang and Wang, but it is based on di¤erent modelling assumptions, leading to di¤erent conclusions. Cutler and Lleras-Muney (2010) and Pol (2011) also investigate the relationship between education, health behaviours and time preferences. They use various data sets from the US, UK and the Netherlands, and …nd no evidence for di¤erences in discounting or in risk aversion along the education level or for the hypothesis that di¤erent time preferences could explain the education-health gradient. My structural estimations can complement the analyses of Cutler and Lleras-Muney and Pol by estimating an education-speci…c discount factor based on observed health decisions, rather than using proxies for discounting.
The rest of the paper is organised as follows. In section 2 I describe the model that form the basis of the empirical analysis. The data are presented in section 3, and the empirical results and speci…cation checks are discussed in section 4. Section 5 concludes.
Model
The start of the breast cancer screening programmes in the UK dates back to 1988. 1 From then, women aged 50-64 are invited for breast cancer screening every third year. The costs of the screening are covered by the NHS, and the screening takes place at one of the static or mobile breast cancer screening units. Since 2004 the age coverage has been extended to 65-70 years. Women aged over 70 can request mammography once every three years, but they are not invited routinely. The frequency of invitations and age categories are the same across the UK. According to the Advisory Committee on Breast Cancer Screening (2006), since November 2001, the invitations support an informed choice in the sense that information is provided not only on the bene…ts of screening but also on its limitations and risks. 2 In this section I present a dynamic discrete choice model of mammography attendance, which is based on the institutional settings in the UK and which forms the basis of my structural estimations. Unlike a static model, a dynamic model makes it possible to estimate the discount factor, which is an important determinant of mammography decisions, given their potential long-run bene…ts. The model is a semi-parametric long time horizon model, which avoids the heavy dependence on functional form assumptions. The following model is in a sense simpler than the related models of Hotz and Miller (1993) and Fang and Wang (2010) as I assume …nite time horizon, do not consider hyperbolic discounting, but utilise the three year recommended frequency of breast cancer screening. The approach of Fang and Wang 1 This summary of institutional background is based on the information provided by the Cancer Research UK (2012). 2 The Cancer Research UK (2012) lists three possible harms from breast cancer screening. The …rst is diagnosing slow growing breast cancers that would never have caused any harm, the second risk is the exposure to small amounts of radiation during screening, and the third is the unnecessary anxiety in women who are called back for more tests, but found not to have breast cancer.
is not applicable to the UK sample as women in the UK generally do not have to make decisions on mammography each year.
The decision to make is whether to attend a due screening. A screening is de…ned to be due if a woman in the target age category did not attend a screening during the previous two years. I assume that the screening decision is made once every three years, thus both attending and not attending a due screening imply no further screening in that three year time period. This assumption corresponds to the institutional settings in the UK, and this makes the value function di¤erent from standard Bellman equations, as presented e.g. by Magnac and Thesmar (2002) . In section 4.4.3 I check the robustness of the results to this assumption by allowing for postponed and repeated screenings. The attendance decision is in ‡uenced via three channels: the disutility of screening, the e¤ect of screening on survival probability, and the discount factor. In the empirical model, education is allowed to in ‡uence the mammography decision via its e¤ect on the disutility of screening and on the discount factor. Let i 2 f0; 1g denote the choice options on utilisation, x 2 X the observable state variables (e.g. education level, living area), and " 0 ; " 1 the choice speci…c preference shocks which have type-I extreme value distribution. 3 The discount factor is . Based on the institutional settings before 2004, a woman aged 62-64 could make the attendance decision with presuming that she would not have to attend any further screenings. Let's assume that the maximum possible lifetime is A, then the value functions of a woman aged a 2 f62; 63; 64g 3 The cumulative distribution function of type-I extreme value distribution is:
Train (2009) provides an overview of the usage of the type-I extreme value distribution in logit models. are:
where a+t a (:) is the transition probability from age a to a + t, and u(:) is the instantaneous utility of life -this utility is derived from the state variables and the usage (or no usage) of mammography. In the empirical speci…cation the transition probability is simply the survival probability. Using the distributional assumption, these two value functions determine the probability of attendance at ages 62-64:
This derived probability can be used in the value functions at ages 59-61, which in turn again determine the attendance probability at these ages. This can be used in the value functions at ages 56-58, and so on. Thus in an iterative way all the attendance probabilities can be determined. The value functions for ages a 2 [50; 61] are:
In the empirical analysis I normalise u (x; i = 1) = 0, that is I estimate the in ‡uencing factors of u (x; i = 0) u (x; i = 1), which I call the disutility of screening. The prerequisites of identi…cation are based on Magnac and Thesmar (2002) , and are similar as in the model of Fang and Wang (2010) . The model is identi…ed only if there is at least one variable which a¤ects the transition probabilities, but which has no in ‡uence on the disutility of screening (i.e. no in ‡uence on u (x; i = 0) u (x; i = 1)). Without this restriction the parameter could be identi…ed only by functional form. The model is estimated with the method of maximum likelihood. In section 4.2 I use objective health indicators and the number of GP visits for identifying , allowing subjective health to in ‡uence the relative utility of screening.
I discuss there the estimation method and the exclusion restrictions in more details.
Data
The empirical analysis is based on the British Household Panel Survey (BHPS), waves 1-18. This is an annual survey, which begun in 1991. The survey covers each adult member of a representative sample of more than 5,000 households from the UK. I restrict the sample to female respondents aged 50-64 -corresponding to the initial target age category of the screening programme. The sample is considered to be representative for women who haven't been diagnosed with cancer. 4
In Table 1 I provide descriptive statistics of the restricted sample. The education categories are based on the International Standard Classi…cation of Education (ISCED) codes provided in the BHPS data. Secondary education corresponds to having at least lower secondary education but no degree (ISCED levels 2, 3a, 3c, 5b). Higher education corresponds to having at least …rst degree (ISCED levels 5a, 6). Schneider (2008) provides an overview of the ISCED coding of UK's education quali…cations. As only 8% of the respondents in the applied subsample have higher education, and the cuto¤ between the secondary and higher education categories is not straightforward, in the empirical analysis I use a binary indicator of having secondary or higher education. Although the BHPS provides information on the years of schooling of the respondents, I use the categorical indicators of education level as those are less subject to measurement errors. The indicator of working equals one in case 4 It would be reasonable to exclude those respondents from the sample who have been diagnosed with cancer, since after such a diagnosis the need for health check-ups substantially changes. However, such a restriction cannot be done for the …rst 10 waves of the survey due to missing information on cancer. Based on waves 11-18 only around 2% of the female respondents aged 50-64 report having any type of cancer. It is likely that due to attrition among respondents diagnosed with cancer, the actual prevalence rate of breast cancer is higher. Based on statistics provided by Maddams et al. (2009) , about 500 thousand individuals lived with breast cancer in 2008 in the UK, the prevalence rate was around 2:7% in the female population aged 45 64, and 5:7% in the female population aged 65 and above. of self employment or paid employment. The binary measure of smoking is based on the question "do you smoke cigarettes" -in wave 9 the question is formulated in a di¤erent way, therefore for the sake of comparability I do not use the information provided in wave 9. The indicator of good health equals one if the respondent reports excellent or good health status, 5 and the indicator of …nancial di¢ culties is one if she reports di¢ culties or reports "just about getting by." Chest and stomach problems, and diabetes are included in the empirical analysis as those are asked in all waves of BHPS, are relatively prevalent conditions, and are reasonably included in the survival probability models. The number of GP visits is provided in the data by a categorical variable ranging from 1 to 5, where 1 corresponds to no GP visits since September of the previous year and 5 corresponds to more than ten visits. The dental check-up indicator equals one if a respondent reports having a dental check-up since last year's September.
Table 1 here
The basic indicator of utilisation equals one if the respondent reports breast cancer screening since September of the year before the survey …eldwork started. I use this as a noisy measure of attendance within the past twelve months. 6 Figure 1 illustrates breast cancer screening attendance by age. Attending screening is the most likely by the age group 50-70, in line with the NHS recommendations. 34% of the female respondents in the 50-64 age group report attending breast cancer screening in the previous year. 96% of all women who report screening indicate that it was provided by the NHS. I restrict the sample to those respondents who have due breast cancer screening, i.e. who did not report mammography attendance in the previous two survey waves.
In Table 2 I report the reduced form estimation results. The standard errors are clustered on the individual level. I start with including only age and education level as regressors.
Then I extend the control variables with further socioeconomic and health indicators. In the third speci…cation I also control for GP and dental visits. Although dental care is generally not provided free of charge in the UK, I still consider reporting a dental check-up as an indicator of health care attitudes because of two reasons. First, the survey asks speci…cally about dental check-ups and not dental treatments, and the NHS provides dental check-ups at low cost. Second, the most vulnerable groups are entitled to free dental care. An education gradient can be observed: those with secondary or higher education are ceteris paribus more likely to attend a due screening. This relation becomes weaker and statistically insigni…cant if the indicators of other health care use are included. This suggests that the education gradient is not speci…c to breast cancer screening, but it is a general phenomenon of preventive care, or more generally of health care utilisation. The included characteristics can explain only little part of the within and between individual variation in utilisation. 
Structural estimation -long time horizon
In this section I estimate the model described in section 2. I restrict the estimating sample to females aged 50-64 who have due breast cancer screening. I apply a two-step estimation method. In the …rst step I estimate the transition probabilities, and in the second step I estimate the discount factor and the parameters of the utility function. I specify the disutility of screening as a linear function of the observable characteristics, and assume that the only uncertainty is survival. Apart from age I treat the other observable characteristics as …xed throughout time. With this simpli…cation I consider the screening to have the sole purpose of increasing longevity through the early diagnosis of breast cancer. I neglect the health bene…ts of screening due to early diagnosis, but also miss the negative health e¤ects due to false positives and related anxiety.
I set the maximum lifetime to age 104, i.e. the time horizon varies between 40-54 years, depending on the age when the screening decision is made. As the …rst step of the estimation, I estimate a logit model of one-year survival, and predict the survival probability with and without breast cancer screening for each individual in the sample. Apart from attending the due screening, I include age, working status, smoking, reporting good health, chest and stomach problems, diabetes, and the indicator of the number of GP visits in the previous
year. The number of GP visits and the three objective health indicators are excluded from the second stage model of instantaneous utility. The underlying assumption is that these indicators a¤ect the survival probability and the utility level as well, but not the disutility attached to screening. The disutility of screening is allowed to be in ‡uenced by the reported subjective health. The exclusion restrictions are needed for the identi…cation of the discount factor. In section 4.4.2 I present some robustness checks on the excluded variables. 7 I report the logit model estimates in Table 3 . The two-year survival probability estimates will be used in section 4.4.1. Without screening, the average predicted one-year survival probability is 99:2%. Based on the average marginal e¤ects, mammography has statistically signi…cant but less than one percentage point increasing e¤ect on the survival probability.
As the potential bene…ts of breast cancer screening on survival probability are likely to be in the long run, these estimates cannot capture the total bene…ts of screening. On the other hand, omitted variables (unobserved health behaviours related to screening) might cause upward bias in the estimated e¤ects. Although I estimate here the short run e¤ect of a single screening, this estimate can still capture the e¤ect of regular mammography. The data indicate that if a woman in the target age category did not attend a due screening three 7 To improve the explanatory power of the logit model of survival and to support the identi…cation of the second stage of the structural model I extended the models of survival with birth year e¤ects and with age speci…c e¤ects of screening. However, these additional regressors were insigni…cant, therefore are not reported here. Being in a hospital could also be a strong predictor of survival, but hospitalised people are not interviewed in the survey, only a proxy interview is conducted then. years before then her probability of attendance this year is on average 20:5%. However, if she attended the last due screening then the current probability of attendance is 62:4%. Thus attending a due screening generally implies regular attendance. 8 Table 3 here
If the bene…cial e¤ect of screening in terms of survival probability is overestimated then that leads to a downward bias in the estimated discount factor. This might be the case with the long run estimates, as discussed in section 4.3. Although there are various results in the literature on the potential bene…ts of mammography screening, it is di¢ cult to …nd directly comparable estimates. The Agency for Healthcare Research and Quality (2009) report that mammography screening reduces breast cancer mortality by around 15% at ages 39-59, and by around 30% at ages 60-69. The Cancer Research UK (2012) claim that breast cancer screening can save 500 1; 400 lives per year in the UK. 9 Many studies …nd small but positive e¤ect of breast cancer screening on longevity (among others Stout et al. (2006) , Mandelblatt et al. (2009) , Glasziou and Houssami (2011) ). Fang and Wang (2010) also …nd that undertaking mammography signi…cantly reduces the two-year probability of dying. On the other hand, Gotzsche and Olsen (2000) state that there is no evidence that breast cancer screening would decrease mortality due to breast cancer. 8 Nonrandom attrition can bias the estimation results if the e¤ects of the included variables on survival di¤er between those who fall out of the sample (due to factors other than death) and those who remain in the sample. The attrition rate per wave due to reasons other than death is around 5% in the subsample of women aged 50-64. The attrition and its explanatory factors in the BHPS data are discussed in details by Uhrig (2008) , and Jones et al. (2006) provide evidence for health related attrition in the BHPS. However, in the estimated models of survival there is no clear evidence that the e¤ect of screening would vary with health level, thus it can be assumed that attrition due to bad health does not cause considerable bias in the results. However, if people diagnosed with cancer are less likely to respond then the positive e¤ect of screening might be underestimated since then the bene…ts of screening through early diagnosis is not observed. 9 The Cancer Research UK (2012) also provides some statistics on the survival probabilities of di¤erent stages of breast cancer. For example, while the 5-year survival probability of stage 1 breast cancers is more than 90%, the survival probability of stage 3 breast cancers is only around 50%. These statistics also indicate that early diagnosis of cancer can signi…cantly decrease mortality in the short run. I generate the longer and future survival probabilities by multiplying the appropriate age-speci…c one-period survival probabilities. If the current one-period survival probability is estimated to be S X^ +^ age age , then the generated k-period survival probability at
The speci…cation of the survival probability assumes that the bene…ts of a screening The second step is the maximum likelihood estimation of the utilisation model. In order to simplify the estimation procedure, the value functions of equations (4) and (5) the possible limitations of these assumptions, and also present some robustness checks with 10 Using the linearity assumption, the instantaneous utility levels without and with screening are: u(x; i = 0 or 1) = X 0 i X i, where 0 is the disutility of screening, which might be ampli…ed or moderated by the X variables (captured by the X term). Thus the overall disutility of screening is u(x; i = 0) u(x; i = 1) = 0 + X : respect to the included variables in the model of relative disutility.
In the basic speci…cation I estimate a single parameter of discount factor, whereas in the extended speci…cation I allow the discount factor to di¤er between the two education categories. The estimated parameters are reported in Table 4 . I do not include the insigni…cant indicators of living in Wales or Northern Ireland in the second speci…cation. The standard errors are clustered on the individual level, and the Murphy-Topel correction is applied to the standard errors, following Greene (2003) and Hardin (2002) . Due to the small variation in the observed survival and to the complex setup of the likelihood function, the two-step estimation procedure is preferred here. 11 
Discussion
Based on the structural estimation results, the average relative disutility of attendance is positive, indicating that mammography has non-pecuniary costs (e.g. discomfort, time costs).
The results suggest that the education di¤erences in mammography decisions are likely to be driven by the di¤erent disutility attached to mammography. Those who have secondary or higher education level are estimated to derive less utility from missing a due breast cancer screening. This di¤erence is signi…cant at the 1% signi…cance level. 12 As in 11 The second step of the maximum likelihood model is estimated with the ml and ml maximize commands of Stata 12.1. I use the Davidon-Fletcher-Powell (DFP) and Broyden-Fletcher-Goldfarb-Shanno (BFGS) quasi-Newton algorithms, switching between the two after …ve iterations. The models require 18 20 iterations.
The likelihoood function is speci…ed as follows. First, I generate the age-speci…c value functions and attendance probabilities following equations (1)-(5). The transition probabilities in these equations are the survival probabilities generated in the …rst step of the estimation. Next, the likelihood function is generated as multiplying over the observations the expression of P (x)
is the attendance probability, and I (i = 1) is the binary indicator of attending the screening. 12 Investigating in details the other parameters of the disutility function is out of the scope of this paper. Fletcher and Frisvold (2009) , the di¤erences along education can be caused by di¤erent occupations and di¤erent level of information, among others. Although the opportunity cost of screening is likely to increase with education, the cost of illness might also increase. More educated women might be more informed about the potential bene…ts of screening and might have positive attitudes towards preventive care in general.
The discount factor estimate suggests that women heavily discount the long run bene…ts of mammography. There are more possible explanations for this results: the time horizon is shorter than the assumed 40-54 years, the long run survival bene…ts of mammography are strongly overestimated, or the bene…ts of a single screening are overestimated as the estimates rather capture the bene…ts of regular screening attendance. Some of the speci…cation checks of sections 4.4.1 and 4.4.3 address these issues. The estimated discount factor is close to the result of Fang and Wang (2010) , even though they use US data and di¤erent modelling assumptions. There is no signi…cant di¤erence in the discount factor between the two education groups, although women having secondary or higher education are estimated to have a lower discount rate. Testing the equality of the two discount factors yields a t statistic of 0:42.
Speci…cation checks 4.4.1 Short time horizon
The model estimated in this section assumes a time horizon of three years. Although the limited time horizon is a restriction, that is worthwhile to analyse empirically as long run survival probabilities with and without screening are di¢ cult to estimate. Using the nota-tions and distributional assumption of section 2, the choice-speci…c value functions at age a are:
and the probability of utilising preventive care is:
The prerequisites of identi…cation are the same as in the model with long run horizon.
As the …rst step of the estimation, I estimate logit models of one-and two-year survival, and predict the survival probabilities with and without breast cancer screening.
I present in Table 5 the second stage estimation results. The estimated disutility parameters are close to the estimates with long time horizon, as presented in Table 4 . Again, having secondary or higher education is estimated to signi…cantly decrease the disutility attached to breast cancer screening.
Once I assume short time horizon, the estimated discount factor becomes larger than one. Omitting the long run bene…ts of breast cancer screening from the empirical model increases the estimated discount factor considerably up to a doubtful level, which suggests that individuals are in fact forward looking when making decisions on breast cancer screening.
Thus the long time horizon assumption of section 2 is reasonable. The high discount factor
can also indicate that people overestimate the potential bene…ts of mammography. This can be partly due to the information received from the supply side, e.g. via the invitation letters or from the GP. 13 Again, I …nd no evidence that the discount factor would signi…cantly di¤er between the two education categories, thus the di¤erences in utilisation are not driven by di¤erent time preferences. Table 4 with respect to the variables included in the model.
As the …rst robustness check I replace the binary indicator of education with the years of schooling. I censor the reported years of schooling at 30. The so generated schooling variable has mean of 13:3 and standard deviation of 4:3 in the analysed sample. In this speci…cation the coe¢ cient of the years of schooling is 0:005 (t statistics 0:70), and the discount factor is 0:682 (t statistics 7:35). Thus the discount factor is robust to this modi…cation. The estimated coe¢ cient of the years of schooling is negative but statistically insigni…cant, which re ‡ects that this indicator of education is a noisy measure. If the reported years of schooling is censored at lower ages then its estimated coe¢ cient increases in absolute value, and its signi…cance also becomes slightly stronger. If two binary schooling indicators are included, one for having secondary education only, and one for having higher education then the coe¢ cient of the …rst one is close to the earlier estimates ( 0:201 with t statistics of 2:28),
whereas the coe¢ cient of the higher category is small and statistically insigni…cant. The discount factor in this speci…cation is 0:691 (t statistics 5:96).
The main results of the next set of robustness checks are presented in Table 6 . In speci…cation (1) I assume that having visited a GP the previous year in ‡uences the instantaneous disutility of breast cancer screening. This assumption can be reasonable if the GPs can attenuate the potential apprehension of patients against mammography, or if GP visits capture attitudes towards health care and thus imply lower disutility of screening. I include a binary indicator of reporting any GP visits, which equals one for 77% of the respondents in the sample used. In speci…cation (2) I include the binary indicator of dental check-ups in the model of disutility attached to mammography. Visiting a dentist can capture general attitudes towards preventive care, without having in ‡uence on the survival probability. I do not include this variable in the benchmark speci…cation since I am interested in the overall e¤ect of education, which can include general preventive care attitudes. In the disutility part of the model, both the binary variable of GP visits (speci…cation (1)) and of dental visits (speci…cation (2)) are signi…cantly negative, indicating common in ‡uencing factors of mammography attendance and the use of these services. In speci…cation (3) I check the importance of the exclusion restrictions. If there are no exclusion restrictions then the model can be still estimated, but the identi…cation is based on the functional form. In this speci…cation none of the objective health indicators are signi…cant in the disutility part of the model. Finally, in speci…cation (4) I reestimate the benchmark long run horizon model with excluding the subjective health measure both from the survival probability part and the utility part of the model. Crossley and Kennedy (2002) provide evidence that survey measures of self-assessed health are subject to measurement error, thus including them can bias the estimates.
As presented in the upper half of Table 6 , apart from speci…cation (2), the negative and statistically signi…cant e¤ect of secondary or higher education level on the disutility of screening is a robust …nding. Once dental care is included as an explanatory variable then the coe¢ cient of education becomes insigni…cant at 10% signi…cance level, and smaller in absolute value. This indicates that more educated women attach smaller disutility to breast cancer screening because of generally more positive attitudes towards or better access to health care. Thus the education gradient is not a unique feature of mammography. This is in line with the reduced form estimates of section 4.1. Except for speci…cation (3), the estimated discount factor is qualitatively robust to the alternative speci…cations. The robustness of the discount factor holds only if that is identi…ed not only by functional form, but also with the help of exclusion restrictions. First, I take into account that some respondents have to attend a mammogram within the next two years after the screening, and also that some respondents who do not attend a due screening just postpone it. I use the observed ratios of repeated and postponed screening:
26% and 18% of the respondents attend a screening one and two years after attending a due breast cancer screening, and 25% and 22% attend a screening one and two years after a missed due screening. Thus the probability of realising the relative utility of non-attendance one and two years after the screening decision is one minus the probability of repeated (if attended) or postponed (if not attended) screening. In equations (4) and (5) I re-scale the one and two years ahead utility levels with the so generated probabilities of non-attendance.
I assume here that the probabilities of repeated and postponed screening are exogenously determined, the same for everyone, and zero after age 64. As row (5) of Table 6 shows, the key parameter results are robust to this speci…cation.
The main empirical caveat of the model with long time horizon is that it is di¢ cult to estimate the e¤ect of mammography on the long run survival probabilities. Until now I used the estimated one-period survival probabilities to generate the survival probabilities to later periods. This implies that a screening can have positive e¤ect even after 40 years. Thus it is likely that the positive e¤ects of screening are overestimated, which can lead to a downward bias in the discount rate. I conduct a set of robustness checks to analyse the sensitivity of the results to the assumptions on survival probability. These results are also presented in Table 6 .
In speci…cations (6-7) I assume that the time horizon extends up to age 79-81 (A a = 17 years in equations (1) and (2)) or up to 69-71 (A a = 7 years in equations (1) and (2)), implying that the screening has negligible e¤ect on the survival probabilities to older ages.
This modi…cation has little e¤ect on the magnitude of the education coe¢ cient. In line with the results of section 4.4.1, the estimated discount factor increases with shorter time horizon, although based on these estimates it is not possible to determine the true exact length of time horizon. Next, in speci…cation (8) I estimate the survival probabilities with and without screening up to 10 years, and correspondingly limit the time horizon in the model up to 10 years. The in ‡uencing factors in these logit models of survival are the same as before, and I estimate these logit models on the whole 50-64 female population. As discussed in section 4.2, these estimates can capture the e¤ects of later screenings, and due to attrition the estimation results of the survival models become less reliable with longer time horizon. Nevertheless, the estimated parameters of the utility model are comparable to the benchmark results.
In the …nal speci…cation check I relax the assumption that labour force status would be constant throughout the time horizon of the decision maker. Here I consider the nonworking status as an absorbing state, whereas those who are working are assumed to plan to retire at age 65. In the BHPS pooled sample less than 10% of the women work above this age. Thus the generated k-period survival probability at age A is the same as before if
where work is the coe¢ cient of the working dummy, which is also included in the vector of parameters. As row (9) of Table 6 shows, this extension of the model has little e¤ect on the key estimated parameters.
Concluding remarks
In this paper I analysed the mammography attendance of women aged 50-64 in the UK.
My aims were to estimate the discount factor implied by mammography decisions, and to analyse the education di¤erences in utilisation. The empirical analysis was based on the British Household Panel Survey.
Reduced form estimation results suggest that the observed education gradient is mainly due to di¤erences in health behaviours and health care attitudes, and not due to di¤erent attitudes towards or access to breast cancer screening in particular. Structural estimates reveal that although there are di¤erences in the disutility of breast cancer screening along the education level, there is no such di¤erence in the estimated discount factor. Accordingly, di¤erences in the utilisation of preventive services across di¤erent education groups are rather the consequences of attitudes towards and conceptions about these services, and not of the potentially di¤erent time preferences. This suggests that the education di¤erences in mammography attendance could be mitigated by information campaigns aimed at the lower educated.
The general …nding in the literature is that higher educated people have on average lower discount rates, for example such result is found by Lawrance (1991) based on data on consumption dynamics, Warner and Pleeter (2001) based on choices between annuities and lump-sum payments in a military downsizing programme, and Harrison et al. (2002) based on a Danish …eld experiment. Comparing these with my results on the discounting of health costs and bene…ts suggests that individuals can have considerably di¤erent health discount rates and monetary discount rates, and educational di¤erences are more in ‡uential on the monetary discount rates.
The estimated one-year discount factor is around two if a time horizon of three years is assumed, 0:85 with time horizon up to age 70, and 0:69 with time horizon up to around age 100. The results and speci…cation checks imply that the bene…ts of mammography are realised in the long run, and women take into consideration the long term bene…ts when making a decision on attending a screening. However, the estimation results also suggest that women might overestimate the potential bene…ts of breast cancer screening, leading to over-utilisation. Since there is no evidence whether mammography attendance is higher or lower than what is reasonable according to its bene…ts and risks, it is desirable that the recommended frequency and age category of women screened should be revised regularly according to the latest medical evidence.
The results of this paper are based on a set of simplifying assumptions, which are necessary due to data limitations and for the sake of the estimability of the empirical models.
Among others, the long run e¤ects of breast cancer screening on mortality are derived from the short run e¤ects, and I assume that the only uncertainty is survival. Acknowledging these limitations, this analysis can be considered as a simple step towards getting more insights into the demand for breast cancer screening. 
